We examine whether hot hands exist among hedge fund managers. In measuring performance, we use hedge fund style benchmarks. This allows us to control for optionlike features inherent in returns from hedge fund strategies. We take into account the possibility that reported asset values may be based on stale prices. We develop a statistical model that relates a hedge fund's performance to its decision to liquidate or close in order to infer the performance of a hedge fund that left the database. While we find significant performance persistence among superior funds we find little evidence of persistence among inferior funds. * We would like to thank
Introduction
"Investors have made a trillion-dollar bet that hedge funds will bring them rich returns" claims an article in The Economist. Indeed, the hedge fund industry grew at an astounding pace from 610 funds controlling $39 billion in 1990 to more than 9,000 funds with $1.3 trillion in 2006. 1 While it appears that investors have enthusiastically embraced hedge funds as an investment vehicle, and are especially eager to invest in hedge funds that have exhibited outstanding past returns, there is little consensus in the empirical finance literature on performance evaluation, and whether there is performance persistence among hedge funds. "If you are thinking about investing in a hedge fund, you probably want to figure out how it stacks up against the competition. Good luck" -was a recent comment in The Wall Street Journal on the subject. 2 In part that is due to the fact that any rigorous research about hedge fund performance has to overcome numerous biases and irregularities in the available data. These biases arise due to the unregulated nature of the hedge fund industry. There are no legal requirements for hedge funds to report performance numbers, although there are several different databases, to which hedge funds provide information about themselves on a voluntarily basis. 3 Ackerman, McEnally, and Ravenscraft (1999) , Liang (2000) , Fung and Hsieh (2000) and Fung and Hsieh (2002) discuss the issues that arise when using data from these sources.
In this paper we study performance persistence among hedge fund managers, while correcting for measurement errors as well as for the backfill, serial correlation, and look-ahead biases in the data. We introduce a relative performance measure, alpha, for hedge fund managers. It reflects the performance of a hedge fund manger relative to the market and the group of "peers", i.e. hedge funds pursuing similar strategies. We find relative performance persistence over a three year horizon, i.e. that managers with higher estimated alphas in one three year period tend to have higher estimated alphas in the following three year period.
An important feature of a hedge fund database is backfill bias -the case when hedge funds bring their history with them when they join a database. Since only funds with relatively superior historical performance enter a database, when possible backfilling of data is ignored, it results in a bias toward mistakenly assigning superior ability to managers of funds in their earlier years. Since our HFR data contains the information on when funds actually joined the database, we are able to eliminate the backfill bias by deleting all the 1 See "The New Money Men," The Economist, Feb 17, 2005, and "Rolling in It," The Economist, Nov 16, 2006. 2 See "Race to Rate Hedge Funds Begins in Heavy Fog" by Scott Patterson, The Wall Street Journal, Sep 28, 2005 3 Among them are MAR, TASS and HFR (we use the HFR database in the paper).
backfill observations in our data set. Moreover, our data is survivorship bias free, since the HFR database retains all hedge funds, including those that ceased to exist. Another issue with hedge fund analysis is that hedge fund returns exhibit substantial serial correlation, a feature that is extensively investigated in Getmansky, Lo, and Makarov (2004) and Okunev and White (2003) . They showed that the presence of illiquid assets in hedge fund portfolios are the primary source for the serial correlation. If serial correlation is not accounted for properly, the manager's performance measure will be biased. Notice that when hedge fund returns exhibit serial correlation due to the presence of illiquid assets in the portfolio, benchmark style index factor returns will also exhibit such serial correlation. We assume that unobserved "true" returns on assets are serially uncorrelated, and identify them using the MA2 approach suggested by Getmansky, Lo, and Makarov (2004) . We measure performance relative to a carefully chosen portfolio of fund specific style index benchmarks and a broad stock market index, i.e., we use alpha relative to peers. To the extent peers within each hedge fund style take similar risks, we are able to control for option-like features in returns.
We evaluate hedge fund performance persistence by comparing the alphas over consecutive nonoverlapping three year intervals. This is a fairly long time period relative to the time periods examined in the literature reviewed in the following section. Considering a three-year period allows us to accurately capture relative alphas for individual funds, and also provides us with a better sense of investor returns accounting for lockup, notice, and redemption periods. For example, an investor in a fund with a two year lockup period can realistically expect to receive her money from two years and three months to two years and six months later. Lockup periods vary among different funds, but periods exceeding two years are not uncommon, and they have gotten more prevalent in recent years. 4 Following Hsieh, 5 we employ a method of weighted least squares in order to minimize the downward bias in persistence caused by measurement errors in alphas. We assign more weight to more precisely measured alphas in our sample. We further apply this approach to study persistence among the best performing and the worst performing funds separately.
Finally, some hedge funds stop reporting to the database before the end of the sample period used in the study. 6 That may lead to a biased estimate of alpha-persistence when the likelihood of a fund leaving the database is related to its past and expected future performance. Therefore, estimating performance persistence by regressing future alpha on past alpha without addressing conditional nature of the observed distribution of alphas may produce a biased estimate of alpha persistence. We follow the terminology of Baquero, Ter Horst, and Verbeek (2005) , and refer to it as a look-ahead bias. We simultaneously address measurement errors and the look-ahead bias by building a statistical model that assumes that hedge funds that are liquidated are more likely to be ones with low past performance and those that are closed are more likely to be ones with high past performance. Our statistical model provides additional information about the unobserved performance of funds thereby reducing the measurement error in estimated alphas, provided the model is right. We assume that hedge funds that stop reporting but do not give a reason are drawn from the same distribution as funds that continue to report or stop reporting but tell us why. With these assumptions, which we empirically show are reasonable, we develop a GMM estimation method that estimates all parameters in the model and produces an estimate of performance persistence. Our approach is also consistent with the observation in Brown, Goetzmann, and Park (2001) and Liang (2000) that hedge funds with low past performance are primary candidates for liquidation. Overall, both weighted least squares and GMM approaches produce similar estimates of performance persistence.
The unobserved performance of a hedge fund after it stopped reporting to the database can result in a biased persistence estimate. For example, a fund that has a large positive alpha during the first three year period may perform poorly during the second three year period and liquidate; a fund that has a large negative alpha during the first three year period may perform extremely well during the second three year period and close; and both funds will stop reporting their performance data. That could cause a positive bias in measured persistence in the alphas of funds that survived during both three year periods. While it is a possibility, we provide diagnostics indicating that it is not a likely scenario.
We find that relative performance tends to persist among hedge fund managers. The average of performance persistence parameter estimates is 23% from the weighted least squares approach, 7 and 26% from the GMM procedure. 8 This implies that a hedge fund that outperformed its benchmark by 100 basis points in the past will on average continue to outperform its benchmark by more than 20 basis points in the future. In comparison, a simple regression of future alphas on past alphas gives a downward biased average estimate of only 14% for alpha persistence. The weighted least squares approach also provides strong evidence of performance persistence among the top hedge funds with the average persistence 7 Individual cross-section estimates for the weighted least squares approach vary from 9% to 38%. 8 Individual cross-section estimates from the GMM procedure vary from 0.3% to 54%. estimate of 45% among the top 33% of the funds, and of 72% among the top 10% of the funds. In contrast, there is no evidence of persistence among the bottom funds. Our findings are consistent with Berk and Green (2004) who show, using a rational model of active portfolio management, that in equilibrium more money will flow to managers with superior skills leading to an erosion of performance over time and equalization of after fee returns available to investors from managers with different levels of skills when there are diminishing returns to scale; however only part of the superior performance erodes.
The rest of this paper is organized as follows. The next section provides a connection to the existing hedge fund performance persistence literature. Section 3 describes the methodology for empirical testing. The model of hedge fund performance is introduced, factor selection, return smoothing and look-ahead bias issues are discussed there. Tests for performance persistence are also explained. Section 4 contains data description, along with estimation of hedge fund performance persistence. Section 5 concludes.
Related Literature
There are several papers in the literature that examine hedge fund managers' performance persistence. Brown, Goetzmann, and Ibbotson (1999) estimated the offshore hedge fund performance using raw returns, risk adjusted returns using the CAPM, and excess returns over self reported style benchmarks. They found little persistence in relative performance across managers. On the contrary, Agarwal and Naik (2000a) and Agarwal and Naik (2000b) when using both offshore and onshore hedge funds found significant quarterly persistencethat is hedge funds with relatively high returns in the current quarter tend to earn relatively high returns in the next quarter. They used the return on a hedge fund in excess of the average return earned by all funds that follow the same strategy as a measure of performance. 9 They used both parametric and nonparametric tests for performance persistence. In their case the persistence was driven mostly by "losers". Edwards and Caglayan (2001) considered an eight-factor model to evaluate hedge fund performance. They found the evidence of performance persistence over one and two year horizons. They also showed that the persistence holds among both "winners" and "losers".
More recently, Bares, Gibson, and Gyger (2003) applied a non-parametric approach to individual funds, as well as an eight-factor APT model to fund portfolios with a conclusion of performance persistence only over one to three month horizons. Capocci and Hübner (2004) followed the methodology of Carhart (1997) , discovering no evidence of performance per-sistence for best and worst performing funds, but providing limited evidence of persistence for middle decile funds. Boyson and Cooper (2004) have found no evidence of performance persistence if only common risk and style factors are used in estimation, but discovered quarterly persistence when manager tenure was taken into consideration. Baquero, Ter Horst, and Verbeek (2005) concentrated on accounting for the look-ahead bias in evaluating hedge fund performance. Comparing raw and style-adjusted performance of performance-ranked portfolios they found evidence of positive persistence at the quarterly level. Kosowski, Naik, and Teo (2007) used a seven-factor model and applied a bootstrap procedure, as well as Bayesian measures to estimate hedge fund performance. Considering performance-ranked portfolios they found evidence of performance persistence over a one year horizon. Finally, Fung, Hsieh, Naik, and Ramadorai (2007) , using data for fund of hedge funds, show that it is possible to identify fund of funds that deliver superior alphas. However, they find that new money flows faster into such funds leading to a deterioration of their performance over time.
This paper contributes to the above literature in three ways. First, control for the measurement errors in alphas using weighted least squares and GMM procedure. The latter deals with measurement errors and the look-ahead bias simultaneously. Second, to our knowledge, this paper is first to account for all three major biases in hedge fund data, i.e. backfill, serial correlation, and look-ahead biases. Third, we present evidence of hedge fund managers' performance persistence over longer (three year) horizons, especially among the top performing funds.
Econometric Methodology
In this section we describe the estimation of hedge fund performance and then we propose a method to check for performance persistence.
Modeling the Relative Performance of a Hedge Fund
Hedge fund returns have several distinctive features. This can make the analysis of hedge funds' performance different from the analysis of performance of other assets like stocks and mutual funds.
First, hedge funds are not required to reveal their financial information including their returns. 10 This raises a question about the selectivity of returns in hedge fund databases. We should take into account possible reasons for a hedge fund to reveal its performance information. One possible explanation is that some hedge funds need to raise funds. Reporting their returns could be a way to advertise themselves. This implies that we will probably not find the most and the least successful hedge funds in the database. The most successful funds most likely have enough clients without any additional promotions. The least successful funds probably would not reveal their information to a broad set of investors.
Second, hedge fund strategies produce returns that cannot be well explained by standard factors, 11 and they also exhibit option-like features. 12 The usual way to estimate the performance in such a case is to include options on factors in addition to these factors, following the suggestion made by Glosten and Jagannathan (1994) .
Third, hedge funds often hold illiquid securities in their portfolios. Usually, it is difficult to obtain current prices for such securities. In this case, managers use past prices to estimate the current value of assets. Therefore, we may observe serial correlation in returns. If we completely ignore this issue, then we will get inconsistent estimates of hedge fund performance. Scholes and Williams (1977) proposed a simple way to account for stale prices. They used lags of factors along with factors in estimating the asset performance. These lags control for the serial correlation in returns. Asness, Krail, and Liew (2001) using this technique showed that the performance of indices 13 may not be as attractive as it appears from a regular regression without including any lags. Lo (2002) showed that annualized Sharpe ratios can be significantly overstated if the serial correlation in returns is not taken into account. Getmansky, Lo, and Makarov (2004) and Okunev and White (2003) introduced models for hedge fund returns, taking into account stale prices and return smoothing practices among hedge funds. Getmansky, Lo, and Makarov (2004) also estimated smoothing patterns for individual hedge funds and indices.
Fourth, the history of hedge funds is relatively short. Even for long-livers the reliable data in most cases does not exceed ten years. This creates a problem in analyzing hedge fund risks. The hedge fund return history may simply be too short for a high risk (low probability) event to happen. Weisman (2002) explains several simple strategies 14 that can be successful for a relatively long period of time (several years), but finally lead to bankruptcy. Those strategies will not be correlated with systematic factors. Pastor and Stambaugh (2002b) , 11 See Fung and Hsieh (1997) . 12 See for example, Fung and Hsieh (1997) , Fung and Hsieh (2001) , Mitchell and Pulvino (2001) , Okunev and White (2003) , Naik (2004), and Bondarenko (2004) for the discussion of the issues that option-like features in managed portfolio returns create when measuring performance. 13 In the case of Hedge Fund Research style indices. 14 Consider for example a strategy from St. Petersburg Paradox. You place one dollar on a coin to be tossed heads. If you lose, then you double your bets (if you do not have your own capital then you have to borrow). If you play long enough, then with probability one you will face a borrowing constraint. Stambaugh (2002a), and Ben Dor, Jagannathan, and Meier (2003) developed techniques for dealing with short histories. Ben Dor, Jagannathan, and Meier (2003) used two stage regressions; Pastor and Stambaugh (2002b) and Pastor and Stambaugh (2002a) used Bayesian analysis. Kosowski, Naik, and Teo (2007) applied Bayesian technique to the hedge fund performance analysis.
Finally, the life of hedge funds can be pretty short. Hedge funds can be liquidated or closed for new investments. Even if a database is survivorship bias free (that is, it stores all the liquidated and closed funds), there is the issue of how these hedge funds should be taken into account when analyzing performance persistence.
While analyzing the performance of hedge funds and performance persistence, we will try to control for the above features of hedge fund returns. We follow Getmansky, Lo, and Makarov (2004) in designing an appropriate model for the estimation of hedge fund performance.
Let the true equilibrium (unobserved) returns follow:
where X t is the vector of returns on factor portfolios (T × l), ε it are i.i.d. We define α i as the performance of a hedge fund. We assume that the observed returns (as reported by the hedge fund managers) are smoothed. Hence we observe the following returns
Note that s may be different for different hedge funds. For identification purposes we will use the following normalization on the parameters:
Combining with equation (1) we can write the observed returns as follows:
where
As we see from (3), the error term u i,t follows an MA(s) process. The next step is to choose appropriate factors for the model given by (2) and (3).
Factor Selection
In selecting factors we use the following criteria:
1) The number of factors should be relatively small as we do not have a long time series of observations on hedge fund returns. This also avoids overparametrization.
2) Factors should reflect the non-linear (option-like) strategies used by hedge funds. Given this, we choose the following three factors.
Variable Description
Return on the market portfolio (CRSP )
Self reported style index J from HFR
]. The first factor is the CRSP market portfolio, and the other two factors are HFR style indices. Style indices are defined as an equally weighted average of returns for all hedge funds with the same strategy. The hedge funds themselves provide information about strategies they use. The list of strategies 15 defined in the database can be found in table 1.
Style indices are good proxies for non-linear strategies of hedge funds, however there are problems with self reported styles. For all hedge funds in the database we can find the styles that were reported by the hedge funds themselves. However, hedge funds may change their styles over time, and this may not be reflected in the database. We observe only one style per hedge fund and we do not know if a hedge fund has been using this style lately or some time ago (it may depend on the willingness of a hedge fund to report any changes in its style). To account for this "unpleasant" feature, we are going to add one more style index 16 in addition to the self reported index to try to capture changes in hedge fund styles. This additional style index is chosen by the Schwarz's Bayesian criterion (SBC) (details are provided in the next subsection).
The second problem is with style indices as factors. We know that the reported hedge fund returns are smoothed. By definition, a style index is the (equally weighted) average of returns for all hedge funds with the same self-reported strategy. Therefore, we should expect style indices to display serial correlations (or be "smoothed") as well. To deal with this problem, we consider the following model of "smoothed" indices (again we follow here (4) where η J t represents the unobservable "true" factor J at time t. Let us assume that (4) is a moving average process of order l . To identify this process, as before we assume γ J 0 + ... + γ J l = 1. From equation (4) we see that I J t follow an MA (l). Hence, the true factors η J t can be estimated from (4) by maximum likelihood. For this estimation we set l = 2 (i.e. we assume that indices are smoothed up to two lags 17 ). We will use η J t as factors in (2). The autocorrelations of orders from 1 to 12 for the original database indices I J t are presented in figure 1. We can see that several indices have significant 18 first and second order autocorrelation. The examples of such strategies are "convertible arbitrage", "distressed securities", "emerging markets", etc. These strategies involve heavy trading in illiquid securities. Figure 2 displays the autocorrelations of orders from 1 to 12 for unsmoothed indices η J t . None of the unsmoothed indices η J t have statistically significant autocorrelations, and their autocorrelations are substantially smaller than corresponding autocorrelations in figure 1.
Estimation procedure
In order to check for performance persistence we have to have at least two periods with performance estimates, see figure 3 . For every period, we run the following regression based on the model given by (2) and (3):
where z is either 0 or 1, depending on if T ≤ t < T + k or T + k ≤ t < T + 2k; X t is the vector of factors described in the previous subsection. We estimate the alphas by Maximum Likelihood. We also take into account the fact that the error term u i,t follows moving average process of order s. As a result of the maximum likelihood estimation procedure, we obtain consistent and asymptotically efficient estimators.
For every hedge fund we have to determine how many lags s to include and which additional indices are to be used in (5). We use Schwarz's Bayesian Criterion (Schwarz (1978) ) to select the best model:
where L is the likelihood function, l is the number of parameters and n is the number of observations. Given a hedge fund, we estimate several models like (5) that will be different in the number of lags and additional style indices. We then pick the model with the highest value of the Schwarz's Bayesian Criterion. For different hedge funds we may have different number of lags 19 in regression (5) and different additional indices. 20 We use primary and additional style indices as factors in estimation of hedge fund performance. Therefore, we look at the relative performance of hedge funds with respect to hedge funds that follow similar investment strategies.
Testing Hedge Fund Performance Persistence
Here we provide an econometric framework for testing a hypothesis of performance persistence.
Simple (Naive) Regressions
Suppose we have obtained the hedge fund alphas for two periods α 0i and α 1i . Then we can run a simple regression
The persistence would mean that the slope coefficient b is statistically different from zero. However, a statistically insignificant slope coefficient would not necessarily mean the absence of persistence. That is because the slope estimate can be biased toward zero due to measurement errors. We discuss the nature of this bias in the next subsection.
Measurement Errors and Estimation Bias
If the true alphas were known, then the regression (7) would have given us an unbiased estimate of performance persistence. However, in reality there is always a measurement error present in our estimates of alphas. Assume that we observe
We consider up to three lags for each hedge fund. 20 We also consider a model without an additional style index.
where α * 0i and α * 1i are "true"measures of relative performance, and noise components u i , v i are independent from the "true" alphas and from each other.
The OLS slope estimator from the regression (7) is equal tô
It is easy to see from (8) that the error in measuring α 0 creates the downward bias in the naive OLS estimateb OLS compared to the "true" persistence estimateb * , sincēb
urther, notice that the error in measuring α 1 does not result in a biased estimate of persistence, and thus we assume without loss of generality that α 1i = α * 1i throughout the rest of the paper.
Weighted Least Squares Approach
We employ a method of weighted least squares in order to minimize the downward bias in persistence caused by measurement errors in alphas. Performing regression (7) in terms of the t-statistic of alpha would result in a more accurate estimate of persistence, since more accurately measured alphas would have higher absolute t-statistic values, while less accurately measured alphas would have lower absolute t-statistic values. Unfortunately, such regression results could be difficult to interpret as a measure of performance persistence, since the weights would be different across the evaluation and prediction periods.
We employ a stylized t-statistic of alpha that is obtained by dividing all alphas by their standard deviations during the evaluation period, i.e we consider
This results in assigning more weight to more precisely measured alphas in our sample, and it also allows us to interpret the regression result as a measure of performance persistence. We further apply this approach to see whether performance persists among the best performing or the worst performing funds by running regression (9) for the upper and the lower terciles according to their alpha t-statistic during the evaluation period.
Selective Reporting Model
In this section we address the errors in variables problem and potential look-ahead bias by modeling the nature of the dependence of the closing/liquidation decision of a fund on its true "alpha". We estimate the model parameters using the generalized method of moments. While estimating alphas in the prediction period, one can notice that some hedge funds, which were available in the evaluation period, disappeared from the database. A hedge fund can be liquidated or closed. 21 Closed funds typically stop reporting to the database, since they do not need to attract any additional investments. In the HFR database, hedge funds that opt out of the database may indicate the reason (liquidated fund or closed for new investments fund). For some hedge funds this information is missing.
We build the following model. Suppose that the hedge fund performance is measured by alphas: α 0i -alpha in the evaluation period and α 1i -alpha in the prediction period. We can observe α 0i for all funds in our sample during the evaluation period, but we can only observe α 1i for funds that were not liquidated or closed during the prediction period. We can also observe whether a hedge fund was liquidated or closed for new investments. We model the above pattern in hedge funds' performance and reporting as follows:
with probability p 1 (α * 0i )
. This model implies that we observe noisy 22 variables of hedge fund performance, however the decision on hedge fund liquidation, or closing is based on the "true" α * 0i measure of performance.
The noise in this model follows
21 A hedge fund is called closed if it is closed for new investors. It continues to manage capital of its current investors. 22 The measurment error can be attributed for example to the incomplete set of factors in the performance estimation regression. and these random variables are independent.
We assume that hedge fund alphas are normally distributed as well.
One can easily establish the relationship between the variance of α * 0i and α 0i :
For notational convenience, we consider σ α * as an unknown parameter, which is to be estimated (instead of σ u ), then σ u can be easily found from (10).
GMM Estimation
Consider the following specification for probabilities of liquidation and closure:
where μ α * is the mean value of α * 0 . Then model (M) with specification (P) has nine parameters: a, b, c 0 , c 1 , g 0 , g 1 , σ ε , σ α * , and μ α * . Of these parameters, μ α * is obviously identified, and it is estimated by the sample mean of α 0 . The remaining eight parameters P = (a, b, c 0 , c 1 , g 0 , g 1 , σ ε , σ α * ) in model (M) with specification (P) are identified and can be estimated via GMM using the following moment conditions: 1) Conditional probability of liquidation, given α 0i ≤ μ α * :
2) Conditional probability of liquidation, given α 0i > μ α * :
3) Conditional probability of closure, given α 0i ≤ μ α * :
4) Conditional probability of closure, given α 0i > μ α * :
5) Expected value of alpha α 0 for liquidated funds::
In the above equations (11) - (15),α 0i belongs to a simulated distribution F of α 0 according to the model specification with free parameters g 0 , g 1 , c 0 , c 1 , σ 2 α * . Further denote F * to be a simulated distribution of α * 0 for observable funds that is derived from the model specification with parameters g 0 , g 1 , c 0 ,
Notice that estimates for parameters g 0 , g 1 , c 0 , c 1 , σ 2 α * can be obtained by solving the system of equations (11), (12), (13), (14), (15). The estimate for the slope b can be found from (18), the intercept a estimate can be computed from (16), and the variance σ 2 ε estimate can be obtained from (17). This proves that the above eight moment conditions (11) -(18) specify the exactly identified case for estimating the set of parameters P = (a, b, g 0 , g 1 , c 0 , c 1 , σ ε , σ α * ). We estimate the parameters and standard errors via the two step GMM procedure described in Hansen (1982) and Hansen and Singleton (1982) by numerically solving 23 the system of equations (11) - (18) for numerically simulated distributions F and F * .
Biases in Simple vs. GMM Models
The OLS slope estimate from the naive regression (7) is equal tô
and the consistent GMM estimator can be obtained from (18) aŝ
In order to compareb OLS andb GM M estimators we have to account for the two types of estimation bias: 1) Measurement bias:
This means that the naive regression OLS slope estimate (19) is biased toward zero compared to the GMM slope estimate (20).
Estimation Results
In this section we present the data and the results of the estimation of all the models proposed in the last section.
Data Description
The data for this research was generously provided by Hedge Fund Research. The database contains the history of monthly hedge fund returns beginning in 1990. 24 However, the 23 We wold like to thank Ken Judd and Che-Lin Su for suggesting SNOPT software that we used in our algorithm. We also confirmed our approach by conducting Monte Carlo tests. 24 For some funds, the history goes back to 1980s.
information about when a fund actually joined the database is only available since May 1996. Hence, we consider the time period from May 1996 until April 2005. We consider only hedge funds with dollar returns (both offshore and onshore), which report their returns as net of all fees. The yearly summary statistics is presented in table 2. When a hedge fund joins the HFR database, it is given an option to select one strategy from the HFR list. These strategies are used in computation of monthly self reported style indices. 25 The indices are computed as returns on equally weighted portfolios of all funds using the same strategy.
Data Biases, Model Selection and Distribution of Alphas
In this section we demonstrate empirically how the distribution of hedge fund alphas is affected by different biases. In particular, we estimate three different models, eliminating one by one the problems related to the hedge fund data and then observe the differences in the distributions of alphas. Stale prices and changes in hedge fund strategies are considered. We run the following three regressions.
1. Stale prices are not taken into account:
We assume that residuals (ε i,t ) are i.i.d., so that the data is exposed to stale prices.
To estimate hedge fund performance we use a market index, and a self declared style as benchmarks.
2. Now we take into account the stale prices. To do this we run a different regression:
In this regression we include lags of the benchmarks, and assume that the error term (u i,t ) follows MA(s) process, (ε i,t ) are i.i.d. The number of lags is selected by SBC (Schwartz -Bayesian Criterion). For the details of the regression estimations see subsection 3.3.
3. To account for hedge funds changing their strategies overtime, we add an additional index into the regression (22). The additional index and the number of lags are selected by SBC. The regression equation is as follows:
In our estimation of the above regressions, we only consider hedge funds that had at least three years of observations. This leaves us with 1755 hedge funds. The brief summary statistics of alphas for the above three models are presented in table 3, and the final distribution of alphas from the third model is presented in figure 4 . Since we use HFR indices in our regressions, and these indices are equally weighted averages of returns for all hedge funds within the same strategies, we might expect the mean and the median of all alphas to be approximately equal to zero and the number of positive alphas to be about fifty percent. This would have been true in the absence of an "inverse survivorship bias" that results from the fact that a successful fund, which was active over the length our study, would contribute only one positive alpha to the final sample, while a few unsuccessful funds that functioned over different times in our study would bring in several negative alphas to the same sample. Notice that the magnitude of the described "inverse survivorship bias" increases with the length of the time period considered. Taking this bias into consideration, we expect the mean and the median of all alphas in our sample to be less than zero and the number of positive alphas to be below fifty percent.
We can clearly see from table 3 that our alpha estimations in model 1 suffer from a severe positive bias. When we take into account stale prices, the percentage of positive alphas decreases from 59.2% to 48.38%. When we take into consideration stale prices along with an additional style index, the percentage of positive alphas goes further down to 46.27%. These results provide us with a preliminary indication of the effectiveness of our approach to estimating relative alphas.
Estimation of Hedge Fund Alphas
As described in the econometrics methodology section, in order to test for the persistence in hedge fund returns, we first estimate alphas α 0i in the evaluation period, then estimate alphas α 1i in the prediction period for the same hedge funds (if available) and proceed with a cross-section of hedge fund alphas (future and past alphas) which is tested for persistence. We form four overlapping cross-sections with three year evaluation and prediction periods using the nine years of available backfill bias free data. Table 4 shows the timeline for the estimation of alphas.
Notice that we cannot compute alphas α 1i for hedge funds that disappear from the database by the end of the evaluation period. We further winsorized the data at 1% in our subsequent analysis.
Performance Persistence 4.4.1 Simple (Naive) Regression
The first approach to check for persistence is to run the naive regression (7):
The results of the naive regression are presented in table 5 and the scatter plots are presented in figure 5 . The slope coefficient b is significant in two out of four cross-sections. The average estimate of performance persistence across all cross-sections is 14%. However, the persistence estimate, b, suffers from the downward bias due to measurement errors, and it also does not account for the fact that some hedge funds disappeared from the database due to different reasons. We address these biases in subsections that follow.
Weighted Least Squares Regression
Here we employ a method of weighted least squares in order to minimize the downward bias in persistence caused by measurement errors in alphas. We estimate the regression (9), i.e.
The results of the weighted least squares regression are presented in table 6, and the scatter plots are presented in figure 6 . The slope coefficient b is statistically significant 26 in all cross-sections, and the average estimate of performance persistence across all crosssections is 23%. However, the magnitude of the persistence estimate, b, is noticeably smaller in the third cross-section. That cross-section has the closest breaking point to the worst overall performance year for the hedge fund industry. 27 This suggests that the superior skill that is reflected in our measure of the relative performance persistence may not be as valuable to an investor during periods of adverse economic conditions for the hedge fund industry as a whole. We conjecture that when there are fewer opportunities in the economy for hedge fund managers as a group, there will be less cross sectional dispersion in managers' alphas, i.e., the performance differential between the more talented and the less talented managers is likely to be less pronounced. We leave modeling this dependence of relative performance on market conditions to future research.
It is also important to note that an investor can only benefit from our approach by investing in hedge funds run by talented managers, and staying away from the ones that have not demonstrated persistent skill. Hence it may be of little value to an investor to find evidence of negative performance persistence, since an investor cannot take a short position in a hedge fund. On the other hand, evidence of positive performance persistence could be extremely valuable, since it would allow an investor to achieve superior returns by taking long positions in hedge funds run by talented managers.
We study whether positive or negative performance persists by running regression (9) separately for funds in the upper and the lower terciles according to their alpha t-statistic during the evaluation period. Remarkably, we find strong evidence of performance persistence among top hedge funds, while we find no evidence of persistence among bottom funds. These results are presented in table 7. We further extend our analysis of the role of superior managerial talent by studying performance persistence separately among the top and bottom 10% of the funds. The results are presented in table 8. We find even stronger evidence of performance persistence among the top 10% of the funds, while the results for the bottom 10% of the funds fail to provide a consistent picture of persistence. This is consistent with the interpretation of superior performance persistence as a result of superior managerial talent, which is also reflected in superior prior performance. Our findings also support the view that managers of superior skills restrict inflow of new money in order to maintain their performance.
GMM Estimation
During the prediction period, a hedge fund can either remain or drop out from the database. Funds may disappear from the database due to liquidation, closing, or stop reporting for unknown reasons. Summary statistics of hedge funds according to this decomposition are presented in tables 9 and 10. If probabilities of liquidation and closure are influenced by fund's "true" prior performance, α * 0 , it will result in biased persistence estimates, which is also known as a look-ahead bias. Considering histograms of distributions of liquidated and closed funds by deciles of α 0 (figure 7) and conditional probabilities of liquidation and closure conditional on α 0 being in top and bottom parts of its distribution (table 11), we conclude that there is a relationship between fund's prior performance and probabilities of fund's liquidation and closure. We model this relationship by specifying different patterns of liquidation and closure for the top and bottom parts of the true alpha distribution through model (M) with specification (P). This approach allows us take into account measurement errors along with the look-ahead bias, and it is estimated via the GMM procedure. Estimates from the GMM procedure are provided tables 12 and 13. The estimates of the persistence coefficient b are roughly consistent with the weighted least squares estimates from subsection 4.4.2, and the average GMM estimate of performance persistence across all cross-sections is 26% compared to the weighted least squares average of 23%. GMM estimated conditional probabilities of liquidation and closure (figure 8) are also consistent with observed probabilities in table 11 and figure 7.
Notice that in the first two cross-sections liquidated funds tend to have low alphas, while closed funds tend to have high alphas (see table 9 ). This is consistent with our statistical model (M) and the specification (P), but it is the only consequence of the model. In fact, the specification (P) is flexible to allow decreasing probabilities of closure with increasing α 0 , as demonstrated by negative g 1 parameter estimates in third and fourth cross-sections. These estimates are consistent with descriptive statistics in the last two cross-sections, as closed funds do not outperform liquidated and observable funds (see table 10).
However, it is worth pointing out that the underlying fundamentals of the decision to close a fund to new investors might have changed after 2001. In order to test this conjecture we performed probit tests of the decision to liquidate vs. close among the funds that were either closed or liquidated in our data. The estimates of the probability of liquidation are provided in table 14. The results indicate that while α 0 was significant in the liquidation vs. closure decision in the first two cross-sections, it is not significant in the last two cross-sections, while the ratio of last flows to assets becomes significant in the last two cross-sections. This supports our conjecture that the role of the relative performance measure, α 0 , in the decision to liquidate or close a fund has diminished since 2001.
Non-Reporting Funds
The non-reporting funds 28 comprise on average 15.55% of the data among all cross-sections. Can we use these funds in our further performance analysis? The answer to this question lies in the distribution of observable characteristics of the non-reporting funds during the evaluation period. We may attempt to classify the non-reporting funds as closed or liquidated on the basis of their evaluation period performance α 0 . Such classification would be consistent with assumptions of the model (M) and the specification (P), but only if the distribution of the relative performance measure α 0 for non-reporting funds resembles the distributions of α 0 for funds that stopped reporting, but indicated a reason for doing so (i.e. liquidated and closed funds). Unfortunately, Kolmorogov-Smirnov test for distribution closeness does not indicate consistently close fit between the distribution of non-reporting funds and the distribution of liquidated and closed funds. In fact, best matches between the distribution of non-reporting funds and the distribution of liquidated and closed funds come from the first and the fourth cross-sections, while in the second and the third cross-sections the non-reporting funds distribution is closest to the distribution of all reporting funds. 29 Hence we conclude that classifying non-reporting funds as either closed or liquidated would result in model (M) misspecification, and that treating non-reporting funds as missing data would be the most consistent approach.
Potential Biases
Here we consider a possibility of a scenario when funds with large positive alphas during the first three year period perform poorly during the second three year period and liquidate, and funds with large negative alphas during the first three year period perform extremely well during the second three year period and close. Such a pattern could contribute to findings positive measured persistence in alphas of funds that survived during both three year periods.
However, as seen in figure 7 and tables 9, 10, and 11 funds with lower performance during the first period were more likely to be liquidated. This indicates that the scenario of performance reversal for liquidated funds between the two periods is unlikely.
In case of closed funds, figure 7 along with tables 9 and 11 indicate that in the first two cross-sections funds with higher prior performance were more likely to be closed. This does not suggest performance reversal in the first two cross-sections. On the other hand, in the last two cross-sections (see figure 7 and tables 10 and 11) closed funds with lower first period 28 The non-reporting funds are those that dropped out of the HFR dataset without reporting a reason. 29 performance were more likely to be closed, which could be an indication of performance reversal among a subset of underperforming funds in the first period. If that was the case, we would have been more likely to find an indication of stronger performance persistence among the lower performing hedge funds. Nevertheless, our weighted least squares analysis produced no evidence of performance persistence among the lower performing hedge funds, hence we conclude that it is unlikely that there could be a performance reversal pattern strong enough to significantly bias our previous findings of performance persistence.
While the above observations allow us to suggest that our finding of performance persistence is not a spurious phenomenon, a completely definitive answer on the matter could only be obtained by completely eliminating the bias caused by funds dropping out of the database by tracking down the performance of all the funds that dropped out without being completely liquidated.
Portfolio Performance Interpretation
Here we attempt to interpret the significance of the main results about performance persistence. We construct portfolios of hedge funds based on their past performance in the evaluation period, and then track their performance during the prediction period. However, the fact that some hedge funds disappear in the prediction period makes it impossible to track portfolio performances exactly. Hence, it is impossible to make an unbiased portfolio performance comparison during the prediction period. Here we attempt to estimate the persistence magnitude using all the hedge funds that are available in the evaluation period.
We sort all the hedge funds by their evaluation period performance measured by the t-statistic of alpha. We compose an inferior portfolio of all hedge funds in the bottom 10% of all funds, a superior portfolio of all funds in the top 10%, and a neutral portfolio of all the remaining funds. We then invest one dollar to every portfolio in the beginning of the prediction period. One dollar is equally split among all the hedge funds in a given portfolio.
We consider three scenarios. Under a pessimistic scenario we assume that the money invested into disappeared hedge funds cannot be recovered at all. That is, if a hedge fund disappears from our database, we lose all the money invested there, regardless of the reason the hedge fund disappeared. The pessimistic scenario is modeled by assigning -100% return to a fund during the month after its disappearance from the database, and zero returns thereafter. Under a neutral scenario, we assume that we can take all the money from a disappeared hedge fund and invest it into the HFR index of the strategy that the fund was following. This implies a zero alpha strategy after the fund's disappearance, and it is modeled as follows. We estimate α 1 using available observations, and then take a weighted average of the resulting alpha and zero with weights representing the number of observations available and the number of observations missing during the evaluation period. Under a realistic scenario we assume that we reinvest all the money from a disappeared fund into the surviving funds within the group. We assume a fund's α 1 to be a weighted average of the available α 1 and the average α 1 of the surviving funds within the group.
For each scenario we calculate each portfolio performance as an equally weighted average of individual fund alphas. This is summarized in figure 9 . Under the assumptions of our model, liquidated hedge funds performed poorly, and closed funds performed well, relative to other hedge funds in the evaluation period. In the pessimistic scenario we may significantly underestimate the performance of every portfolio, since, in reality, some money can be recovered even from liquidated funds. In the neutral scenario, the relationship of the estimated performance to the actual performance is more ambiguous. The performance of the inferior portfolio is probably overestimated, as liquidation would be the main reason for fund disappearance. The performance of the superior portfolio is most likely underestimated, as the main reason for a fund to disappear is to close for new investors. One can expect that such hedge funds will perform better than average funds in the prediction period. It is difficult to make any preliminary conclusions for the neutral portfolio. Arguably, the realistic scenario has the closest resemblance with the actual portfolio performances. These results are summarized in table 16.
We report the performance of the three portfolios in the evaluation and prediction periods in table 17. The performance for the evaluation period is presented in column 'Past Alpha'. We also report the performance of all portfolios during the evaluation period, as well as the statistics about surviving funds in each portfolio.
As we see from table 17, portfolio performances in the neutral scenario are in line with predictions from table 16. The inferior portfolio's performance in realistic scenario falls between performance estimates in pessimistic and neutral scenarios. The superior portfolio's performance in realistic scenario is higher than performance estimates in both the neutral and pessimistic scenarios.
In all cross-sections the superior portfolio outperforms the inferior portfolio under all three scenarios, and the difference is statistically significant in three out of four cross-sections. These results indicate that in reality we should expect the superior portfolio to outperform the inferior portfolio.
Conclusion
Hedge fund managers are given much more flexibility regarding where and how to invest compared to mutual fund managers. The growth of hedge funds, with 1.3 trillion dollars invested in assets by 2006, may well reflect the need for giving talented managers who know where superior opportunities exist at a given point in time the necessary flexibility to exploit that talent. A natural question that arises is whether it is possible to identify those hedge fund managers who are able to exploit the flexibility given to them better than others.
While the flexibility given to hedge fund managers may help in generating superior returns, it also makes performance evaluation more difficult. Hedge fund returns are unlike returns from standard asset classes, and exhibit option-like features that have to be taken into account when evaluating performance. Further, since hedge funds invest in illiquid assets, care has to be exercised in measuring their systematic risk. In this paper we develop a method for evaluating the performance of a hedge fund manager relative to a suitably constructed peer group. Our method takes into account option-like features in hedge fund strategies and serial correlation in hedge fund returns caused possibly by investments in illiquid assets. We also take into account the backfill bias in our data set and the look-ahead bias (i.e. the fact that a hedge fund may be liquidated or closed and exit the data set). We employ a method of weighted least squares in order to minimize the downward bias in persistence caused by measurement errors in alphas.
We find evidence of persistence in the performance of funds relative to their style benchmarks. It appears that on average more than 20% of the abnormal performance during a three year interval will spill over into the following three year interval. We provider further support for the interpretation of performance persistence as evidence of superior managerial talent by finding strong evidence of performance persistence among top hedge funds, while finding little evidence of persistence among bottom funds.
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